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Abstract

Ever-evolving technologies are enabling us to obtain information about the world around us ever more quickly and 
precisely. This state of affairs contributes to the growing need to store and analyse data. For today’s scientists, this 
is a challenge because it involves analyses on a global scale. This also applies to spatial data, vast amounts of which 
are made available online. The Google Earth Engine platform is such a place on the web. It is not just a catalogue for 
browsing, but above all an environment for programming useful applications. Among free software, it is difficult to 
find one that is not dependent on the parameters of the computer. In the case of Google Earth Engine, the processes 
programmed by the user are executed on powerful external servers, and the user only gets the finished result, which 
he can download to his computer and use in further work. The initial chapters introduce the basic concepts and char-
acterise the specifics of working in this environment, taking into account the limitations of the platform. Then, the 
individual stages of the algorithm developed by the authors are described, trying to explain well the reasons for the 
use of particular methods and functions. In order to verify the correctness of the obtained results, existing databases 
on the subject and published research results of other authors were used.
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Introduction

One of the valuable regions of our country is the Car-
pathian Mountains (Kozioł and Maciuk 2020). Their 
forest area should be monitored out of concern for the 
state of the environment. The Carpathian forests have 
been studied by many scientists because of their special 
natural value (Szramka and Adamowicz 2020; Maciuk 
et al. 2021). Various data sources have been used in the 
research. Among the oldest are historical military maps, 
dating back to the 19th century, the second an Austrian 

topographic photograph, where forests were depicted as 
grey surface signatures (Kozak and Kaim 2016). In or-
der to extract information from these, the area of forest 
complexes has to be vectorised manually. This method 
is very time-consuming and labour-intensive. Nowa-
days, in addition to paper maps, there are various data 
provided by both state institutions (Central Statistical 
Office, State Forests), private entities and international 
organisations (European Space Agency) (Antropov et 
al. 2022). Much of today’s forest area data are collected 
using laser scanning techniques and images taken from 
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aircraft and, more recently, drones. Satellites orbiting 
the Earth in predetermined orbits and photographing its 
surface in various bands of the electromagnetic spec-
trum are also used to create imagery (Pizarro et al. 
2022). In addition to the visible light range, the near and 
mid-infrared, among others, are also captured. Using 
such data, it is possible to determine the various land 
cover parameters in the study area (Feng et al. 2022; 
Łaszewski et al. 2022). All recorded radiation is divided 
into several channels with different wavelengths. The 
data from the Landsat 8 satellite launched by NASA 
(National Aeronautics and Space Administration) on 
11 February 2013 are divided into 11 channels, which 
facilitate its use in various analyses. In this study, chan-
nels 2–7 were used to delineate forest areas in the Pol-
ish part of the Carpathian Mountains. In order to auto-
mate the process of data analysis, the above-mentioned 
Google Earth Engine (GEE) platform was used, thanks 
to which, by writing a script in the JavaScript language, 
it is possible to analyse large amounts of data in a given 
area without worrying about the computing power of 
one’s computer. In view of the above advantages, the 
aim of this study was to assess the usefulness of the 
GEE platform for delineating forest areas in the Polish 
Carpathians on the basis of Landsat satellite data. Us-
ing Earth Engine libraries, a  script was written in an 
interactive environment, which covered the selection of 
appropriate data and their preparation, as well as super-
vised classification of images, assessment of its accura-
cy, calculation of forest area and graphical presentation. 

Today, scientists carry out multitemporal and large-
scale analyses of the state of the environment (Hixson 
et al. 1982). This is made possible, among other things, 
by data acquired from satellites (Wulder et al. 2019). 
One such analysis is the content classification of multi-
spectral imagery to determine land cover classes. Land 
use maps have found wide application in monitoring en-
vironmental change, both of natural and anthropogenic 
origin (Ciołkosz and Białousz 2008). Among the many 
applications detailed in the literature are determining 
the extent of damage caused by a  flood wave, updat-
ing soil maps, forecasting crop yields and assessing the 
condition of forests. The latter was studied by research-
ers at the Jagiellonian University in the FORECOM 
project, one of whose products was a map of forest dis-
tribution in the Polish Carpathians (Kozak and Kaim 
2016). It was developed on the basis of a number of data 

sets including Topographic Objects Database (BDOT) 
at a  scale of 1:10 000, Numerical Forest Map (FNM) 
made available on the Forest Data Bank (FDB) website, 
as well as aerial and satellite images. The researchers 
encountered difficulties in integrating these data due to 
different definitions of forest. They also mention that 
the forest cover of municipalities calculated by them is 
higher than that reported by state statistics. Publications 
have also addressed the topic of mapping land cover 
maps over large areas based on satellite images. Such 
image classification is usually hampered by the lack of 
good training and validation data (Knorn et al. 2009).

Among environmental analysts, the GEE platform 
is becoming increasingly popular, as it is ultimately 
intended to monitor the state of the environment on 
a global scale. For the user, this means ease of process-
ing large data sets, which is attractive from a  time-
saving perspective (Gorelick et al. 2017). Google has 
developed a number of algorithms, including the clas-
sification of the supervised content of satellite imagery, 
which was used in this study. However, before such 
a process can be carried out, the data must be properly 
prepared. No algorithm has been found on the platform 
in question for atmospheric correction of the imagery, 
i.e., that which results in reflection values at the Earth’s 
surface. However, it appears that in many analyses, 
such a correction is omitted due to the lack of data to 
define a  correct atmospheric model (Osińska-Skotak 
2005). An object-based classification is also currently 
used, but this is not available in GEE.

Methods

GEE is a platform for processing satellite imagery and 
other spatial data “in the cloud” (Google Developers 
2020; Yang et al. 2022). The main use of this environ-
ment is to perform analysis and visualisation on a glob-
al scale, which often involves processing very large 
data sets. However, the performance of the personal 
computer is no longer an issue as the entire computa-
tional process takes place on Google’s servers. All that 
is required is for the user to write an algorithm in one of 
the relevant programming languages (JavaScript or Py-
thon) using the GEE libraries. Not only satellite images, 
but also aerial photographs, numerical terrain models 
(DTMs), atmospheric, weather and climate data, as well 
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as data on land cover, its temperature and much more 
are made available. Users can also use their files, both 
vector and raster. To access the platform, a registration 
form needs to be completed, along with the purpose of 
use. Extensive documentation on how to work in GEE 
is provided online.

 The platform consists of four components:
–– spatial data sets (data sets)
–– Google server computing infrastructure (computer 

power)
–– API (application programming interface), in this 

case in JavaScript or Python
–– Code Editor, a  web-based integrated development 

environment designed to perform calculations 
quickly and transparently (no Python scripting here).
This paper uses the Code Editor, which is indicated 

for the novice user of the platform. In the central part 
of the window, there is a box for entering code. The left 
panel contains available methods and sample scripts, 
including user-created scripts. On the right is the out-
put console, while at the bottom is an interactive map 
to which raster and vector layers can be added. The 
basic data structures in GEE are Images and Features, 
which correspond to raster and vector data models. Mul-
tiple objects of the same type can be combined to form 
Collections (Image/Feature Collection). There are also 
structures known from programming languages such as 
dictionaries, lists, arrays, numbers and character strings. 
Programming in GEE can be done by calling methods 
assigned to specific classes, ready-made algorithms 
or user-defined functions. On the other hand, display-
ing text, object metadata and calculation results on the 
console is done via the print() command. JavaScript is 
a scripting programming language whose most popular 
application is web pages. It is responsible for their inter-
activity, i.e., responding to user-induced events.

Some of the operations programmed by the user are 
performed in the browser, i.e., on the client side. On the 
other hand, only those related to Earth Engine library 
objects are executed on the server. These can be easily 
recognised in the collection as they start with the letters 
ee, for example, ee.Image. Combining these functions 
can cause unexpected errors. A good help in diagnos-
ing why problems occur is to include a  section called 
Profiler, which displays information about the various 
stages of the calculation, as well as the time in which 
they were performed. The most common error is incor-

rect code syntax, which is often picked up by the Editor 
with a solution provided. 

The best-known source of satellite imagery is the 
Landsat programme run by the NASA and the United 
States Geological Survey (USGS). It was established in 
the 1970s, making it particularly useful for monitoring 
long-term changes in our planet’s environment. Cur-
rently, the spatial resolution of the imagery is 30 metres. 
Landsat images are assigned to categories that reflect 
the quality of the data. The first of these is Real-Time 
data, which only goes into Tier 1 or Tier 2 after a cer-
tain period of time. The condition for being placed in 
a Tier 1 collection is a Root Mean Square Error value 
of less than 12 metres. Classification into Tier 2 may be 
due to significant image cloudiness. In this study, the 
image collection selected was: USGS Landsat 8 Collec-
tion 1 Tier 1 Raw Scenes, which covers the period from 
April 2013 to February 2019.

Remote sensing is the process of remotely acquir-
ing information about the Earth’s surface through aerial 
photographs and satellite imagery. Sensors used record 
electromagnetic radiation in certain ranges of the elec-
tromagnetic spectrum (Milewski 2010). Assuming that 
the spectral curves of individual objects are different, it 
is possible to identify them in the imagery. Classifica-
tion of multispectral data involves their automatic in-
terpretation for the purpose of mapping thematic maps, 
for example, land cover maps. There are two classifi-
cation methods: supervised and unsupervised. The 
first requires the definition of training fields, i.e., land 
fragments considered to be representative of a  given 
class. By statistically analysing the pixels in selected 
channels from the defined areas, the computer assigns 
each pixel to an appropriate category. For example, the 
following algorithms are appropriate here: maximum 
likelihood, cluster centre of gravity or decision tree 
(Mularz and Rutkowski 1995). In this work, the Clas-
sification and Regression Trees (CART) method was 
used, which is based on a binary recursive partitioning 
of a  set of observations. The parent points of a  deci-
sion tree are divided into two node points—descend-
ant, that is, binary, while recursive involves treating the 
descendant node as the parent node further down the 
line (Łapczyński 2002).

The result of the classification should be viewed 
through the prism of an assessment of its accuracy, pref-
erably performed on the basis of test fields. The basis for 
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determining accuracy is the error matrix, in which the 
rows correspond to the actual ground coverage and the 
columns to the classes into which the pixels have been 
classified by the classifier (Tab. 1). Each value is simply 
the number of pixels and it is denoted by the letter n. It is 
easy to see that the diagonal of the matrix contains pix-
els correctly classified. From this matrix, the total clas-
sification accuracy, the producer and user accuracies, 
and the kappa coefficient expressing the total classifica-
tion error can be calculated. The first characteristic is 
the quotient of the sum of correctly classified pixels and 
their total number. Producer’s accuracy is calculated as 
the ratio of the correctly classified pixels of a class to 
the total number of pixels in the actual class. In con-
trast, consumer’s accuracy is expressed by the ratio of 
the number of pixels correctly classified of a given class 
to the total number of pixels of that class in the resulting 
image of the classification.

Table 1. Classification error matrix in Google Earth Engine

Class 0 Class 1 Class 2 Class 3
Class 0 n00 n01 n02 n13

Class 1 n10 n11 n12 n23

Class 2 n20 n21 n22 n23

Class 3 n30 n31 n32 n33

The error matrix is not only used to determine the 
overall accuracy characteristics but is also a  concrete 
indication of how many pixels of a  class have been 
classified as different. This is useful for incrementally 
improving classification by observing changes in the 
matrix. A programme was developed in the interactive 
environment of the Code Editor to carry out supervised 
classification of Landsat satellite imagery for the pur-
pose of delineating forest areas in the Polish Carpathi-
ans. The diagram below shows the individual stages of 
the algorithm (Fig. 1). 

The first stage involved loading the layer of the 
study region, selection of appropriate satellite images 
and vectorisation of fields considered representative for 
each class. In the next stage, the fields were divided into 
training and validation data and a supervised classifica-
tion of the images was performed, along with an accura-
cy assessment. The third stage consisted of processing 
the classified image to determine the area of the forest 
class and the forest cover index. Finally, the resulting 

layers were visualised in the GEE map window and the 
resulting raster was exported to Google Drive. 

Figure 1. Schematic of the algorithm

Results

A vector layer of the Polish Carpathian region in Esri 
Shapefile (.shp) format was loaded into the user’s ac-
count as an Object Collection, which was then added to 
the script using its ID read in properties (Fig. 2). 

Figure 2. Study area–Polish Carpathian region

The selected image collection had to be filtered 
to select images covering the study area and the least 
clouded. The region layer was given as the bounding 
area, while the months of June, July and August were 
used as the search period. The collection is accessed 
by entering its LANDSAT/LC08/C01/T1 ID stored in 
the Landsat data catalogue. The GEE library contains 
several algorithms related to Landsat imagery. One 
of these is Simple Composite, which creates a mosaic 
from the images by first converting the raw scenes to 
a Top of Atmosphere (TOA) reflectance value. In addi-
tion, a Cloud Score value is assigned for each pixel to 
indicate its degree of cloud cover, and the least clouded 
satellite scenes are later selected based on this. In the 
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application documentation, we find that the terms com-
position and mosaic in GEE are used interchangeably. 
In the present study, the above-mentioned algorithm 
was used for the prefiltered Karpaty image collection, 
and the mosaic was then cropped to regions using the 
clip() method (Fig. 3). 

Figure 3. Colour composition from near infrared, green and 
blue channels

The basic activity to be carried out before super-
vised classification is the collection of data considered 
representative of the classes. Thanks to the ability to 
draw points, lines and polygons interactively in the 
map window, training fields (Fig. 4) were conveniently 
indicated. As the main objective was to delineate for-
est areas, the number of classes was narrowed down to 
4—forest, water, built-up and other areas. When defin-
ing a new layer, it is necessary to set its type as Object 
Collection and the property that will be needed during 
subsequent classification. 

Figure 4. Example of a drawn training field

The dialogue box for creating a forest class, where 
the value of the land cover property is 0, is shown in 

Figure 5. The declarations of interactively drawn layers 
appear as code at the beginning of the script in a sepa-
rate Imports section.

Figure 5. Dialogue box for adding a new layer

The data prepared in this way were merged into 
a  single Object Collection using the merge() method. 
A  list of specific channels (B2, B3, B4, B5, B6, B7), 
based on which the classification will be performed, 
was defined. Using the sampleRegions() method, 
a sample of image pixels inside the previously drawn 
regions was indicated. The parameters given are as fol-
lows: the Object Collection, which is the layer with the 
training fields, and a list of all their properties, in this 
case only the land cover. When working on rasters in 
GEE, there are many times a need to define the scale, 
i.e., the pixel resolution of the resulting image. Here 
and throughout the algorithm, this was set as 30 me-
tres. It was decided that the collected data would be 
split into training and test data in a  ratio of approxi-
mately 70/30, with the former being used to train the 
classifier and the latter to assess the accuracy of the 
results. For the Object Collection named data, a  col-
umn was created and populated with pseudo-random 
values in the range 0.0–1.0. It was then filtered using 
lt(), which means less than, and gte(), which means 
greater than or equal. This resulted in two sets of pix-
els: a training set, representing about 70% of the total 
data, and a test set, the remaining 30%. First, an empty 
CART classifier was created and trained on the training 
object collection. The classProperty parameter is the 
previously mentioned land cover property storing the 
class numbers. In the last line of the following code, 
the classification of the satellite imagery is performed 
based on the predefined channel list named bands and 
the classifier. The resulting image is stored in the clas-
sified variable. 
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In GEE, it is possible to assess the accuracy of the 
classification results from both training and validation 
data. The former is done using the confusionMatrix() 
method, which creates a matrix in which the rows cor-
respond to the actual land cover and the columns to 
the classes into which they were classified by the clas-
sifier. Total classification accuracy, producer and user 
accuracy, and the kappa coefficient were calculated. 
In the script written, these values are not assigned to 
variables, but are immediately displayed on the con-
sole via the print() command. The trained classifier 
was used to classify a  test data set representing ap-
proximately 30% of the total data sample. This deter-
mined validation accuracy, which is more reliable than 
training accuracy.

From the classified image, a binary image las_bin 
was created, whose pixels took values equal to 1 for the 
forest class or equal to 0 for the other classes (Figure 6). 
The next line of code uses the ee.Image.pixelArea() 
method, which creates an image for which the value of 
each pixel is equal to its area expressed in square me-
tres. Dividing these values by 10 000 converts them into 
hectares. The final image needed to calculate the area 
is created by multiplying the previous two area_ha and 
forest_bin. 

Figure 6. Binary image (white represents forests)

The forest area (variable pow) was calculated us-
ing the reduceRegion() method, which aggregates data 
within a defined region. In this case, the statistics of the 
sum of pixel values were used. The maxPixels param-
eter set as 1e9 means that the largest possible converted 
number of pixels is 1,000,000,000, while bestEffort 
taken as false protects the function from scaling up if 
it is difficult to cope with a large data set. Otherwise, it 
would not be entirely clear at what spatial resolution the 
calculation was performed. The area of the entire region 

was calculated in the same way. By calculating the per-
centage ratio of the forest area to the area of the whole 
area, the forest cover index of the Polish Carpathians 
was obtained. The determined values were displayed on 
the console. The Earth Engine library methods divide() 
and multiply() should be used here, rather than the usual 
arithmetic operators. 

Earth Engine objects can be displayed in the map 
window on one of the available map primers. This is 
done via the Map.addLayer() method, for which the 
following are given as arguments: the object name, the 
visualisation parameters (in curly brackets: {}) and the 
layer label to be displayed in the legend. The visualisa-
tion options vary in compositions in their specific chan-
nels, while for other objects they can be transparency or 
a colour palette. 

In this algorithm, such a  palette has been prede-
fined by providing Cascading Style Sheets (CSS) colour 
names for all classes. Figure 7 shows the visualisation 
in the map window of the classified satellite image. The 
entire algorithm is included in this paper as an appen-
dix, together with comments on the various calculation 
steps for better code clarity.

Figure 7. Classified image in the Google Earth Engine map 
window

However, if such visualisation in the map window 
is not sufficient or there is a need for further analysis 
outside the GEE environment, the resulting image can 
be exported by adding code at the end of the programme 
with an algorithm that will place the export task in the 
Tasks table. In this case, the process of preparing the 
image for export took a few minutes. At the end, in the 
displayed dialogue box, it is possible to modify prede-
fined parameters such as the spatial resolution of the 
raster and to choose from the available places to save 
the file. The saved raster was processed in the QGIS 
software, and a map composition was made in order to 
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better present the designated land cover of the Polish 
Carpathians.

Considering the available sources of information on 
forests, the Bureau for Forest Management and Geod-
esy was asked to provide a layer of natural forest lands. 
The obtained boundaries of the Polish part of the Car-
pathian Mountains were loaded into the GEE platform 
in order to run the algorithm. The calculated forest area 
was 910 149 hectares, with the total area of the Car-
pathian region equal to 1 939 010 hectares. Consequent-
ly, the forest cover index of the Polish Carpathians was 
determined as 46.9%. It is worth recalling that the forest 
area was calculated as a total pixel area, therefore with 
a 30-metre spatial resolution.

Table 2. Error matrix for validation data

Forest Water Other 
area

Built-up 
area

Forest 13 302 0 313 5
Water 6 13 247 45 45
Other areas 541 14 7599 90
Built-up area 1 10 143 723

To be able to assess the reliability of these results, 
accuracy analyses were carried out on both training and 
validation data. Considering the latter to be more reli-
able, Table 2 contains the error matrix for the validation 
data, while Table 3 contains the calculated accuracies. 

Table 3. Results of the accuracy analysis

Class Manufacturer accuracy User accuracy
Forest 0.976 0.960
Water 0.993 0.998
Other 0.922 0.938
Construction 0.824 0.837
Overall accuracy 0.966
Kappa 0.950

Referring to the entire classification, 97% of the 
pixels comprising all test fields were assigned to the 
correct classes. The laser class manufacturer’s accuracy 
value of 0.976  means that more than 97% of the pix-
els were correctly classified. The lowest accuracy was 
obtained for buildings. When visually inspecting the 
classified image, it turned out that the higher parts of 

the mountains, covered with snow all year round, were 
considered by the algorithm to be built-up areas. In such 
a situation, a separate class for these areas would have 
to be distinguished to prevent this in the delimitation 
of built-up areas, but this is of little importance in the 
delimitation of forest complexes. While working on the 
algorithm, errors were noticed in the area of the Tatra 
Mountains, where the vegetation of the dwarf pine layer 
was classified as forest. These were eliminated by creat-
ing additional training fields, which were categorised as 
other. The calculated accuracy values may be overesti-
mated, which is due to the fact that the sample of valida-
tion pixels is part of the set indicated by the author on 
the basis of visual interpretation. Consequently, these 
are fragments of terrain that are easy to recognise and 
therefore also simpler for the classifier to classify. The 
above accuracy results can be considered good; how-
ever, in order to properly assess the correctness of the 
classification, a check would have to be made on several 
smaller areas of varying terrain. Such a check should be 
based on other studies, for example, higher resolution 
aerial photographs or field interview. 

Figure 8. Comparison of the classified image with the forest 
mask of the FORECOM project

Figure 8 shows a comparison of the classified image 
with the forest areas delineated from the FORECOM 
project (validity 2010–2015), parts of which were made 
available to the authors by researchers of the Institute of 
Geography and Spatial Management of the Jagiellonian 
University. Dark green indicates forests, pink indicates 
urbanised areas and light green indicates other areas. 
A vector layer of the extracted forest mask was super-
imposed on the classified image. The image shows the 
area around Gliczarowo Górne, i.e., the Podhale region. 
Due to the dispersed nature of the spatial distribution of 
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streets and buildings, urbanised areas were depicted as 
very small groups of pixels.

When looking for information on forests growing 
in the Polish part of the Carpathians, it is worth not-
ing that different sources assume different boundaries 
of this area. For example, in the FORECOM project’s 
user manual, one can find information that the forest 
cover in the Polish Carpathians today is approximately 
47% and is calculated on an area consisting of 194 mu-
nicipalities recognised by the Carpathian Convention 
as being entirely within the Carpathians (Kozak and 
Kaim 2016). However, the FORECOM project’s forest 
map represents land use, not land cover. The latter is 
determined in this study from satellite imagery. Dif-
ferences between land use and land cover can occur in 
deforested areas or forest succession. Table 4 shows the 
results of calculations of the developed algorithm on the 
GEE platform, as well as data read or calculated from 
other sources.

Table 4. Results comparison with other sources
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Google Earth Engine 910 149 1 939 010 46.9 2013
Forest Data Bank 772 884 1 937 602 39.9 2013
Corine Land Cover 934 494 1 937 602 48.2 2012

The FDB is an information system used, among 
other things, to collect and make available information 
on forests. Tabulated data on the area of forests on forest 
land by form of ownership in the order of natural and 
forest lands were downloaded from www.bdl.lasy.gov.
pl. The report shows that as of 1 January 2013, the area 
of forests on forest land was 772 884 hectares, while 
the forest cover was 39.9% for the total area of the Pol-
ish part of the Carpathians equal to 1 937 602 hectares. 
In this case, a  minimum area of 0.1 hectare was as-
sumed as forest, according to Article 3 of the Forest Act 
(Kancelaria Sejmu 2019). 

 Another data source is the European project Co-
rine Land Cover 2012, which aims to provide regular 
information on land cover in Europe. The database was 
created through computer-aided visual interpretation of 

satellite images with a geometric resolution of 25 me-
tres but note that areas with a minimum size of 25 hec-
tares were selected. Of all land cover forms, the class 
Forests was selected, i.e., areas with dense cover and 
a crown height of more than 5 metres. By calculating 
the statistics for this class, the area of forests in the Pol-
ish Carpathians was determined to be 934 494 hectares 
and the forest cover ratio to be 48.2%. 

The area of one pixel of the Landsat satellite image 
is 0.09 hectare, so this is the smallest area that can be as-
signed to the forest class by the developed algorithm. It 
is much smaller than those separated in the above stud-
ies. The forest cover ratio calculated in GEE differs by 
1.3% from that determined from the Corine Land Cover 
project data and by 7% from the value given in the FDB 
compilation. In order to improve the classification re-
sults, more attention should be paid to the selection of 
training fields. The above values are only indicative, 
due to the different ways in which forest areas are de-
lineated. 

When assessing the usefulness of the GEE platform 
for delineating forest areas in the Polish Carpathians on 
the basis of Landsat satellite data, several factors should 
be taken into account. The amount of effort involved 
in the preparation of the algorithm compared with the 
studies mentioned in this paper was much less. The un-
doubted advantage is that the calculations are performed 
on the server side and there is no need to download large 
volumes of data to your computer. This makes it possi-
ble to carry out analyses on low-performance hardware 
and on different operating systems, as only a well-func-
tioning web browser is required. Furthermore, the server 
does not have to wait long for a  response; in the case 
of the algorithm under development, all calculations in 
the Google Chrome browser took just two minutes. The 
platform’s high performance is due to the parallelisation 
of the calculations, which involves splitting the opera-
tions so that they are performed in parallel on the server. 
This process is automatic and does not affect the results 
but allows them to be obtained quickly. The Code Editor 
is an interactive environment that allows the user to: add 
geometric objects by drawing them in the map window, 
display the calculation results in the map window, and, 
using the Inspector tool, read the properties of a given 
image pixel or vector layer. For supervised classification, 
interactivity improves the indication of training fields. 
This is a convenient method, as it is possible to use a map 
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base or another vector layer that has been loaded. To 
transfer such points, lines or polygons to another script, 
it is sufficient to generate and then copy the correspond-
ing JavaScript code, which is useful when working with 
multiple algorithms. The user has more than a dozen su-
pervised and several unsupervised classification meth-
ods available. The usability of the platform for those 
with little programming knowledge is an undoubted 
advantage. Extensive documentation is available on the 
Internet to introduce the beginner to script writing, as 
well as to show advanced uses of finished applications. 
Of interest from the point of view of long-term script 
development may be the version control system, which 
keeps an eye on changes to the code and also allows any 
previous version to be restored. What stands out about 
GEE is the ease of finding satellite images of interest. 
Everything is done by filtering the selected Image Col-
lection both spatially and temporally. The sort() method 
allows sorting according to the information contained in 
the metadata, for example, in order from the least cloudy 
satellite scenes to the most. The quick selection of source 
data significantly reduces working time by eliminating 
the need for traditional downloading to one’s own hard 
drive from portals providing these data. The user can 
immediately view the retrieved images. A map overlay 
in the map window facilitates orientation when defining 
training fields, filtering images and visually analysing 
classification results. The platform provides a high de-
gree of freedom to manipulate the display parameters of 
objects and images.

Discussion

New methods of working with data are constantly being 
developed and research processes are constantly being 
improved. One example is the GEE platform discussed 
above, where it only takes a few minutes to carry out an 
analysis on a regional, national or continental scale. The 
timeliness of data and the diversity of sources are satis-
factory. The time taken to obtain information is signifi-
cantly reduced, but at the expense of constant learning 
to use new tools. The GEE environment is constantly 
being developed and has great potential already. The au-
thor programmed the process of delineating forest areas 
on the example of the naturally valuable area of the Pol-
ish Carpathians using GEE algorithms. The procedure 

included preprocessing of satellite images, supervised 
classification with accuracy assessment and determina-
tion of the forest cover index of the Polish Carpathians. 
The written algorithm was used to characterise the spe-
cifics of working in the platform’s Code Editor and to 
assess its suitability for this type of analysis. Among the 
arguments confirming the validity of the use of the plat-
form are the speed of calculations due to their parallelism 
on the server, as well as the interactivity of the environ-
ment facilitating the indication of training fields and on-
going analysis of the results while working on the code. 
Satellite scenes once made available as individual files 
of large size can be used without downloading to disk, 
and collecting them into Image Collections has enabled 
rapid selection. A great deal of freedom to test differ-
ent computational options is provided by a dozen super-
vised and several unsupervised classification methods. 
The use of the platform allowed good quality results to 
be obtained in a relatively short time, as confirmed by 
comparing the calculations with similar analyses carried 
out by other researchers. It was concluded that the GEE 
platform could be an effective tool for delineating forest 
areas in the Polish Carpathians. Given the advancement 
of satellite technology, better and better data quality can 
be expected, which opens up great opportunities for this 
type of research in GEE in the future. 
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